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Abstract 

Cognitive Diagnosis Models (CDMs) in Computerized Adaptive Testing (CAT) are widely used to assess students’ cognitive abilities; however, 

existing approaches face significant limitations. The Latent Trait Model often suffers from specification errors due to its complexity, the 

Diagnostic Classification Model encounters difficulties in integrating hierarchical structures, and Deep Learning Models demand substantial 

computational resources. To address these challenges, this study introduces Salmon Salar Optimization (SSO) to enhance CDM performance and 

integrates the Partially Observable Markov Decision Process (POMDP) to improve dynamic question selection. The proposed adaptive testing 

framework comprises three components: preprocessing, CDM, and a selection algorithm. Experimental results on the ASSISTments 2009-2010 

dataset demonstrate that SSO outperforms representative baselines from both deep learning: Neural CD and Latent Trait Model: MIRT 

approaches. Using 5-fold cross-validation, the proposed model achieved superior predictive performance with 75.51% accuracy and an AUC of 

0.8191, highlighting its robustness compared to existing state-of-the-art methods. Furthermore, adaptive test simulations reveal that the SSO- and 

POMDP-based model delivers superior outcomes, attaining 80.3% accuracy with a reward of 8.03 for 10-question exams and 79.8% accuracy 

with a reward of 11.97 for 15-question exams. These findings confirm the effectiveness of the proposed model in enhancing cognitive diagnosis 

and adaptive testing performance. 

Keywords: Computerized Adaptive Testing, Cognitive Diagnostic Model, Greedy Strategy, Reinforcement Learning, Selection Algorithm 

1. Introduction 

The development of e-learning has changed the academic evaluation system, but still faces challenges in assessment 

flexibility that does not take into account differences in levels of understanding [1], learning styles, and students' 

thinking skills. Conventional examination systems often do not suit individual needs [2], so that a more adaptive and 

data-based academic evaluation is needed to reflect student competencies. Computerized Adaptive Testing (CAT) 

emerged as a solution in adaptive assessment [3]. The challenge in CAT is not only to adjust the difficulty level of the 

questions, but also to ensure that the questions selected are appropriate to the individual characteristics of the students, 

including previous performance patterns, learning style preferences, and level of question discrimination [4].  

The Cognitive Diagnosis Model (CDM) in the CAT system is used to identify students' cognitive abilities and 

knowledge based on observation data [5], [6]. CDM is used in Computerized Adaptive Testing (CAT) to analyze 

student responses by considering item discrimination, difficulty level, and guessing factors. The three methods in 

CDM: Latent Trait Model, Diagnostic Classification Model, and Deep Learning Model have limitations, such as the 

high complexity of the Latent Trait Model that leads to specification errors, the challenge of integrating hierarchical 

structures in the Diagnostic Classification Model, and the expensive resource usage of the Deep Learning Model [7], 

[8]. The efficacy of Latent Trait Models, particularly within the framework of Item Response Theory (IRT), is 

frequently predicated on the axiom that latent traits adhere to a Gaussian distribution. However, empirical literature 

suggests that this constraint often induces model misspecification when applied to datasets exhibiting skewness or non-

normality. Consequently, violating this distributional assumption may compromise parameter estimation accuracy and 

 
*Corresponding author: Fandy Setyo Utomo (fandy_setyo_utomo@amikompurwokerto.ac.id)   

DOI: https://doi.org/10.47738/jads.v7i1.1065 

This is an open access article under the CC-BY license (https://creativecommons.org/licenses/by/4.0/). 

© Authors retain all copyrights 

https://orcid.org/0000-0002-6217-2321
https://orcid.org/0000-0001-6347-6514
https://orcid.org/0000-0002-6679-2560


Journal of Applied Data Sciences 

Vol. 7, No. 1, January 2026, pp. 743-757 

ISSN 2723-6471 

744 

 

 

 

attenuate the statistical robustness required in psychometric evaluations [9]. Furthermore, the Diagnostic Classification 

Model (DCM), although widely utilized for analyzing educational data, encounters notable limitations, particularly in 

its ability to incorporate hierarchical structures within the modeling framework. Recent advances in sequential 

hierarchical DCMs seek to capture the complexity of students' learning trajectories by accounting for multiple attributes 

and their temporal interactions. A study by [10] indicates that incorporating multi-level attributes can improve 

diagnostic precision; however, this enhancement also increases structural complexity, potentially elevating 

computational overhead and introducing classification inconsistencies due to the model's increased intricacy. In another 

domain, Deep Learning models, despite their strong capabilities for processing unstructured data, pose challenges in 

terms of resource requirements. They typically demand significant computational capacity and large training datasets, 

which can limit their feasibility for smaller educational institutions or research projects with constrained resources [11]. 

This study proposes the use of Salmon Salar Optimization (SSO), which is a metaheuristic-based optimization method 

that mimics the migration behavior of salmon in finding the best path [12] to improve the performance of CDM in 

identifying cognitive abilities. This research also integrates Reinforcement Learning (RL) techniques as a Selection 

Algorithm model within the CAT. This technique selects questions based on students' cognitive abilities and real-time 

performance in answering questions. Partially Observable Markov Decision Process (POMDP) is a selection algorithm 

model used to optimize question selection dynamically, so that the system not only selects questions based on the 

student's answer history, but is also able to learn from student interactions and adjust its strategy [13].  

This study integrates the CDM model and the Selection Algorithm into a CAT system. The CDM model is based on 

SSO to optimize cognitive ability prediction, while the RL technique as a Selection Algorithm is capable of selecting 

questions based on students' cognitive abilities as SSO output and real-time student performance in answering 

questions. The results of this model are expected to improve the accuracy of academic evaluation, provide a more 

personalized exam experience, and ensure that students receive assessments that are appropriate to their abilities. 

2. Literature Review 

2.1. Computerized Adaptive Testing 

Computerized Adaptive Testing (CAT) is an assessment approach that dynamically adjusts item difficulty in real-time 

based on the examinee’s responses, continuously estimating individual ability to select questions that best measure 

proficiency. Unlike traditional fixed tests, CAT personalizes the assessment for each test-taker, enhancing both 

measurement precision and the testing experience [14]. The CAT workflow functions as an adaptive cycle that starts 

with a medium-level question, then proceeds through repeated stages of item selection, response analysis, and ability 

estimation. Each updated ability estimate guides the choice of the next item to optimize measurement accuracy. The 

process continues until specific stopping conditions, such as target precision or maximum test length, are satisfied, 

after which the final performance score is generated. This iterative system provides an efficient and individualized 

testing process [15]. 

The primary components of a CAT system can be categorized as follows: (1) The item bank: is a collection of diverse 

test items with defined parameters, such as difficulty and discrimination [16], that allows CAT to dynamically select 

questions matching the test taker’s ability [17]. A sufficiently large and varied bank ensures robust assessment across 

ability levels [18]; (2) The adaptive algorithm: in CAT selects items based on examinee responses, starting with an 

initial item to estimate ability. Subsequent questions are adjusted in difficulty—harder for correct answers and easier 

for incorrect ones [19]—ensuring appropriate challenge, engagement, and reduced frustration [20]; (3) Ability 

Estimation Method: In CAT, ability estimation is updated after each response using methods like Maximum Likelihood 

Estimation or Bayesian estimation [21]. This iterative process refines the examinee’s trait level, guiding item selection 

and improving assessment accuracy [22]; and (4) User Interface and Accessibility: Since CAT is delivered through 

computers, a well-designed user interface is essential to ensure smooth navigation. An intuitive interface minimizes 

cognitive load, enabling test takers to concentrate on the content and thereby enhancing both performance and 

satisfaction [23]. Our research focus is to optimize the adaptive algorithm in CAT.  
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2.2. Salmon Salar Optimization 

Research conducted by [12] introduces SSO, a metaheuristic method inspired by the social behavior of salmon: food 

search, migration to spawning habitats, and danger avoidance, to solve complex optimization problems. Employing 

Salmon Salar as an algorithmic model offers several notable benefits. First, it provides an effective balance between 

exploration and exploitation by simulating salmon’s collective behaviors in foraging, migration, and risk avoidance, 

which allows the algorithm to search extensively while simultaneously refining superior solutions. Second, the inherent 

social structure of salmon supports position updating via Gaussian distribution, thereby maintaining adaptability and 

robustness in solving high-dimensional and complex optimization tasks. Third, the incorporation of danger-avoidance 

mechanisms reduces the risk of premature convergence to local optima and facilitates progress toward global optima. 

Lastly, its practical utility has been validated in the optimization of deep-sea probe design for unconventional oil 

exploration, where the method achieves accurate outcomes despite multiple variables and constraints. In this study, we 

propose SSO as a component of the adaptive test model to have better performance than existing approaches.  

3. Methodology 

This section consists of two sub-chapters: data collection and proposed methods. The data collection section explains 

the sources, attributes, and conditions of the dataset used in this study, while the proposed methods section describes 

the new method proposed for the adaptive test model.  

3.1. Data Collection 

In this study, we used the ASSISTments 2009-2010 dataset, which is publicly accessible at 

https://sites.google.com/site/assistmentsdata/home/2009-2010-assistment-data. There are several versions of the 

ASSISTments 2009-2010 dataset, but we used the skill_builder_data_corrected_collapsed.csv dataset for the 

experiment because the data already contains one row per student-problem. There are 31 attributes and 346860 rows 

of data in the dataset with target variable: 'correct' -- true/false answer (1 or 0). The Skill Builder problem sets are 

designed with several key features. Each question focuses on a specific skill, and it may be tagged with multiple skill 

labels. To successfully complete the assignment, students must answer three consecutive questions correctly. If a 

student uses the tutoring options, such as hints or step-by-step guidance, the question is automatically marked as 

incorrect. Additionally, students receive immediate feedback on whether their answer is correct. In cases where a 

student struggles to solve the problem independently, the final hint will provide the correct answer. 

Not all attributes were used in the experiment, but we only used 12 main attributes: 'user_id,' 'problem_id,' 'correct,' 

'ms_first_response,' 'attempt_count,' 'hint_count,' 'assignment_id,' 'sequence_id,' 'assistment_id,' 'answer_type,' 

'first_action,' and  'skill_id.' Each attribute in the dataset provides key information about student interactions with the 

problem set. 'user_id' identifies the student, while 'problem_id' tracks the specific question. 'correct' indicates whether 

the answer is correct (1) or incorrect (0). 'ms_first_response' records the time taken to respond, and 'attempt_count' 

captures the number of attempts made. 'hint_count' shows how many hints were used. 'assignment_id' identifies the 

specific assignment, and 'sequence_id' tracks the question order. 'assistment_id' connects questions to a set of problems, 

while 'answer_type' denotes the format of the answer. 'first_action' tracks the student's first move, and 'skill_id' 

identifies the skill assessed by the question. 

3.2.  Proposed Method 

Figure 1 shows the three main components in developing an adaptive exam model: the preprocessing component, the 

CDM, and the Selection Algorithm. We propose Salmon Salar Optimization as the CDM component. Furthermore, we 

also propose POMDP-based Reinforcement Learning as the selection algorithm component. 
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Figure 1. Proposed Method 

An explanation of each component of the adaptive exam model and its working procedures is provided in sections 3.3 

to 3.6. Section 3.3 describes the pre-processing components, Section 3.4 presents the Cognitive Diagnostic Model 

components, Section 3.5 represents the selection algorithm components, and the final section explains the evaluation 

techniques applied to assess the performance of the selection algorithm components. 

3.3. Pre-processing Component 

Based on figure 1, there are several stages in the pre-processing component: handling missing values, identifying and 

handling outliers, handling categorical columns, and data normalization. First, identify and handle missing values by 

eliminating data rows with missing values in the columns 'user_id', 'problem_id', 'correct', 'ms_first_response', 

'attempt_count', 'hint_count', 'assignment_id', 'sequence_id', 'assistment_id', 'answer_type', and 'first_action' to ensure 

clean data. 

After handling missing values, the next step is to identify and handle outliers using Z-score on the numeric columns: 

'ms_first_response', 'attempt_count', 'hint_count', 'assignment_id', 'sequence_id', 'assistment_id.' The numeric data in 

these columns is checked and removed if it has an outlier value based on the Z-score threshold of more than 3. The Z-

score is a statistical metric used to detect outliers by showing how far a data point deviates, in terms of standard 

deviations, from the dataset's mean. This approach assumes that the data follows a roughly normal distribution. Data 

points exceeding a predefined Z-score threshold are considered outliers [24], [25]. 

The next stage is to handle categorical columns. The categorical 'answer_type' column is converted to a numeric 

representation using Label Encoding. Next, data normalization is performed on the columns 'ms_first_response', 

'attempt_count', 'hint_count', 'assignment_id', 'sequence_id', and 'assistment_id' using Z-score normalization. Z-score 

normalization, or standardization, is a method applied to rescale data to a common standard, facilitating comparisons 

across datasets, especially when the original data have differing units or scales. This process transforms the data so that 

the resulting distribution has a mean of 0 and a standard deviation of 1, allowing for uniform and standardized 

comparisons [26], [27], [28].    

3.4. Cognitive Diagnostic Model Component 

After the pre-processing stage, the CDM component processes the data. Cognitive Diagnostic Models (CDMs), also 

referred to as Diagnostic Classification Models (DCMs), constitute an advanced class of models in educational 

assessment designed to assess and quantify learners’ proficiency in specific skills or attributes. In contrast to 

conventional measurement approaches that produce general performance summaries, CDMs offer detailed insights into 

individual learners’ strengths and weaknesses across distinct cognitive skills [29], [30].  
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There are several stages in the CDM component: Salmon Salar Optimization (SSO), 5-fold cross-validation, skill 

mastery prediction, and Q-matrix creation. In this study, we propose SSO to identify cognitive abilities. The following 

is the working procedure of the SSO algorithm [12]. 

Randomly initialize the population of salmons. Identify the Leader Salmon (the individual with the best fitness). Update 

the positions of salmons using the Gaussian-based equations. Update the position of the Leader Salmon based on the 

best solutions in the population. Repeat the iteration until the maximum number of generations is reached. Output the 

optimal solution (Leader Salmon) as the final result of the optimization. Table 1 describe mapping between Salmon 

Salar's work procedures and the representation of the Cognitive Diagnostic Model in this study. 

Table 1. SSO Procedure Mapping with CDM Data Representation 

Stage SSO Stage Conceptual Description CDM Data Representation 

1 
Population 

Initialization 

SSO begins by randomly generating 

an initial population of salmon 

within the search space. 

Each salmon position is a single long vector that 

combines all the parameters of the CDM model: each 

student’s ability, each question’s difficulty, and the 

feature weights. 

2 
Fitness 

Evaluation 

Each salmon position is evaluated 

for quality using an objective 

function (fitness function). 

Calculating Negative Log-Likelihood. The smaller the 

value (the more negative), the more accurate the 

parameters (ability, difficulty, weights) are in predicting 

student responses (correct or incorrect) using the Sigmoid 

function. 

3 
Salmon Leader 

Determination 

The salmon with the best fitness 

value in the population is selected as 

the Leader. 

The currently best combination of CDM parameters that 

yields the lowest prediction error on the training data is 

stored in a variable. This is the best tentative estimate of 

student ability and problem characteristics. 

4 
Exploration & 

Exploitation 

Salmon updates its position by 

moving closer to the Leader but still 

performs random exploration using a 

Gaussian distribution to avoid local 

optimum traps. 

create new variations of the CDM parameters based on 

the average values of the current salmon and Leader 

positions to simulate a more precise parameter search 

5 
Best Candidate 

Selection 

Compare the current position of the 

salmon with the newly generated 

candidate positions. The position 

with the best fitness value will be 

selected. 

Comparing the Log-Likelihood of the old CDM 

parameters with the modified parameters. If the new 

parameters predict student data more accurately, they are 

retained in place of the old ones. 

6 
Global Update 

& Termination 

The process repeats until the 

maximum iteration is reached. The 

final leader is considered the global 

optimal solution. 

After the iterations are complete, the Leader variable is 

further broken down into the final variables: 

student_ability_global, global_difficulty, and 

global_weights. These variables are used for prediction on 

the validation data. 

The next phase uses 5-fold cross-validation. During each fold, Salmon Salar Optimization (SSO) optimizes the 

parameters of the CDM on the training data. SSO searches for optimal parameters such as user ability and problem 

difficulty, which the model then uses to make predictions on the validation data. After optimization, the model evaluates 

the validation data using metrics like accuracy and AUC. This process repeats across five folds, ensuring diverse data 

subsets are used for both training and testing. The results from all folds provide a comprehensive evaluation of the 

optimized model's performance. SSO adjusts the parameters for each fold, minimizing overfitting, while 5-fold cross-

validation ensures more reliable generalization to unseen data. Ultimately, the optimal parameters assess the model's 

ability to predict skill mastery using the validation data. 

Once the parameters are optimized, skill mastery is calculated using the logit formula followed by the sigmoid function. 

Predictions for skill mastery are calculated using the logit equation (1).  

𝑙𝑜𝑔𝑖𝑡 = 𝑎𝑏𝑖𝑙𝑖𝑡𝑦[𝑢𝑠𝑒𝑟𝑖𝑑𝑥] − 𝑑𝑖𝑓𝑓𝑖𝑐𝑢𝑙𝑡𝑦[𝑝𝑟𝑜𝑏𝑙𝑒𝑚𝑖𝑑𝑥] + 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑠𝑢𝑚 𝑜𝑓 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠   (1) 
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ability[useridx] refers to the user's proficiency on a specific problem, difficulty[problemidx] represents the difficulty level 

of the given problem. Then, the weighted sum of features encompasses additional weights calculated based on features 

such as response time, number of attempts, hint usage, problem type, and the user's first action. Next, the prediction of 

skill mastery is calculated using the sigmoid function (2). 

𝑆𝑘𝑖𝑙𝑙 𝑀𝑎𝑠𝑡𝑒𝑟𝑦 =  𝜎(𝑙𝑜𝑔𝑖𝑡) =  
1

1+𝑒−𝑙𝑜𝑔𝑖𝑡  (2) 

where σ is the sigmoid function that converts logit values into probabilities between 0 and 1. This method transforms 

the logit into a probability, representing the likelihood of a user mastering a specific skill. The model's performance is 

then evaluated by calculating the skill mastery prediction for each problem, yielding probabilities that indicate the 

likelihood of the user mastering a particular skill. Finally, the predicted skill mastery results are stored in a CSV file 

for further analysis, allowing for subsequent evaluations and comparisons. To ensure reproducibility and accessibility 

of these findings, the output CSV files have been deposited in a public repository and can be accessed at 

https://github.com/fandysetyoutomo-dev/predict_skill_mastery.git.     

Next, enter the creation stage of Q-Matrix. The fundamental principle behind CDMs is mapping responses in 

assessment items directly to latent cognitive attributes defined in advance, often organized in a Q-matrix. This Q-matrix 

delineates the relationship between test items and underlying skills or attributes, enabling researchers to identify which 

specific competencies a learner has mastered and where they need improvement [31], [32], [33], [34]. In the context 

of this research, a Q-Matrix is a matrix that describes the relationship between a problem and the skills required to 

solve it. This process involves mapping problem IDs to relevant skill IDs. 

3.5. Selection Algorithm Component 

After obtaining the data from the skill mastery prediction and Q-matrix results, the data then acts as input to the 

selection algorithm component. The selection algorithm constitutes a central mechanism that determines the choice of 

items (test questions) according to a test-taker’s ability and performance. Its primary objective is to personalize 

assessments, thereby improving the testing experience and increasing the precision of ability estimates. The selection 

algorithm is pivotal to Computerized Adaptive Testing (CAT), as it enhances test administration by optimizing both 

the efficiency and accuracy of assessments [35], [36]. An effectively executed selection algorithm enables the dynamic 

adjustment of item difficulty, ensuring that test-takers are presented with items of appropriate challenge —neither too 

easy nor too difficult —thus sustaining motivation and engagement [37], [38].  

In this study, we propose the Reinforcement Learning: Partially Observable Markov Decision Process (POMDP) model 

as a selection algorithm. The POMDP is a mathematical framework designed for decision-making in environments 

where an agent has partial information about the current system state. POMDPs expand on the basic Markov Decision 

Processes (MDPs) by incorporating observations and beliefs, allowing for the handling of situations where the state 

cannot be fully observed due to uncertainty [39], [40]. There are several key components in POMDP [41]:  

The states (S) represent the selection of a specific test item (question) from the item bank to be presented to the student. 

The actions (A) are the decision taken by the agent (policy network) at each time step t to choose which Skill ID to test 

or train the next student. Observations (Z) are the student's response to the selected question (e.g., correct (1) or 

incorrect (0)). The transition function (T) specifies the probability of a student's knowledge state changing after 

interacting with a question. The reward function (R) outlines the immediate feedback received by the system, defined 

as a positive value for a correct answer (accuracy) or information gain regarding the student's true ability. The 

observation function (O) are the probability of students answering correctly based on the current state and the difficulty 

level of the question using the Sigmoid function. Finally, the initial belief (b0) describes the initial estimate of the 

probability of student mastery for each skill before the session begins [42], [43]. 

The relationship between Q-matrix, Predict Skill Mastery, and POMDP is integral in optimizing assessment models. 

The Q-matrix provides information about the skills measured by each problem, which is used in POMDP to update the 

belief state. After each question is answered, the belief about the user's skills is updated, with the Q-matrix mapping 

the relevant skills to the problem. The Q-matrix also plays a critical role in predicting skill mastery, as it determines 

the skills associated with a given question. The prediction is based on the optimized user ability, problem difficulty, 

and additional feature weights. If a question assesses an underdeveloped skill, the prediction will reflect the user's lack 

https://github.com/fandysetyoutomo-dev/predict_skill_mastery.git
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of mastery in that area. Lastly, in POMDP, the belief state is continually updated after each question, and skill mastery 

predictions represent the user's proficiency based on the problems they encounter. POMDP enables the system to select 

questions that better explore undeveloped skills, thus enhancing the selection process and updating the belief state with 

more precise information.  

Furthermore, within the framework of Partially Observable Markov Decision Processes (POMDPs), the greedy strategy 

plays a crucial role in decision-making under uncertainty. A POMDP is a mathematical model used to address decision-

making scenarios where the agent lacks complete information about the environment's state, often requiring decisions 

based on belief states rather than fully observable states. Greedy algorithms streamline the decision-making process by 

selecting the action with the highest immediate expected reward, thereby reducing computational complexity in 

domains where evaluating all possible states and actions is computationally expensive [44], [45]. In the context of this 

research, the Greedy Strategy was used in the post-training evaluation. Question selection was carried out greedily, 

namely selecting questions based on the highest probability from the POMDP policy network. Equation (3) shows the 

greedy strategy formula implemented in this study. 

𝜎𝑔𝑟𝑒𝑒𝑑𝑦 =  
arg max 𝑃(𝜎|𝛳)

𝜎
  (3) 

σgreedy is the action (or problem) chosen by the agent, 
𝑎𝑟𝑔 𝑚𝑎𝑥

𝜎
 denotes selecting the action σ that maximizes the 

probability P(σ|ϴ), while P(σ|ϴ) is the predicted probability of a user mastering the skill associated with action σ, 

given the model parameters ϴ, which include user ability, problem difficulty, and additional feature weights. 

3.6. Evaluation 

The evaluation of POMDP and greedy strategy in this research focuses on measuring accuracy and reward based on 

the decisions made by the agent. In POMDP, the agent updates its belief state after each question, allowing for adaptive 

selection of problems that best reveal the user's strengths and weaknesses. The proportion of correct predictions 

determines accuracy, while a reward is given for each correct answer. In the greedy strategy, the agent selects the 

question with the highest predicted probability of success, based on the current model, and the accuracy and reward 

are similarly calculated. The greedy approach simplifies decision-making by focusing on the most likely correct 

answer, while POMDP offers a more flexible, belief-based approach. Both strategies evaluate how well the model 

predicts skill mastery and guide question selection based on user performance. 

4. Results and Discussion 

This chapter comprises several sections: Section 4.1 presents the results of pre-processing experiments, Section 4.2 

discusses the findings of the Cognitive Diagnostic Model, and Section 4.3 describes the outcomes of the Selection 

Algorithm experiments. Finally, Section 4.4 discusses the performance comparison between the proposed adaptive test 

model and previous test models. 

4.1. Pre-processing and Cognitive Diagnostic Model Results 

The missing value identification results show that the dataset contains no missing data. Additionally, table 2 presents 

the results of outlier identification across several columns.  

Table 2. Outliers Identification Results 

No. Column Name Number of rows deleted 

1. ms_first_response 630 

2. attempt_count 436 

3. hint_count 5067 

4. assignment_id 5542 

5. sequence_id 36 

6. assistment_id 4003 
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Based on table 2, the final number of rows after outlier elimination: 331146. Next, figure 2 shows the SSO loss history 

across CDM Folds. This figure illustrates the evolution of the Negative Log-Likelihood (NLL) loss across five cross-

validation folds during iterative optimization. The x-axis represents the number of iterations, while the y-axis denotes 

the corresponding Negative Log-likelihood loss values, which serve as a measure of model performance. Across all 

folds, the loss exhibits a steep decline during the initial iterations, indicating that the model rapidly captures 

fundamental patterns in the data. Subsequently, the rate of decline diminishes, and the curves gradually converge 

toward stable values, reflecting the model’s progression toward convergence. Notably, differences among folds are 

observed: Fold 3 consistently achieves the lowest loss values, suggesting superior model performance under this 

partition of the data, while Fold 4 yields comparatively higher loss values, pointing to weaker predictive accuracy in 

this scenario. This variation is likely due to the stochastic characteristics of random data partitioning in cross-validation. 

In particular, Fold four may include a larger number of sparse user–item interactions or “cold-start” cases in which the 

model has insufficient historical information to generate reliable predictions. In contrast, Fold three appears to comprise 

a more homogeneous subset with denser interaction histories, enabling faster and more stable model convergence. The 

remaining folds demonstrate intermediate performance with relatively minor variations. Overall, the results indicate 

that the SSO optimization process effectively reduces loss across folds, with convergence reached within a limited 

number of iterations, though variability across folds highlights the influence of data partitioning on model outcomes. 

 

Figure 2. SSO Loss History 

Next, figure 3 describes the results of the SSO evaluation using accuracy and AUC in each fold. 

 

Figure 3. Accuracy and AUC Evaluation on SSO 

Based on figure 3, the results obtained were average accuracy in 5 folds: 0.7551 and average AUC in 5 folds: 0.8191. 

The presented bar charts depict the performance of the model across five folds of cross-validation in terms of accuracy 

and the Area Under the Curve (AUC). As shown in the left panel, the accuracy values consistently range between 0.75 

and 0.76 across all folds, indicating that the model correctly predicts approximately three-quarters of the instances 

regardless of the data partition. The minimal variation among folds demonstrates the stability and robustness of the 
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model’s predictive capability. The right panel illustrates the AUC values, which lie between 0.81 and 0.82 across folds. 

These results suggest that the model possesses a strong discriminatory ability in distinguishing between positive and 

negative classes, as AUC values above 0.80 are generally regarded as indicative of good classification performance. 

Taken together, the results confirm that the model exhibits consistent accuracy and reliable discrimination across 

multiple folds, thereby underscoring its generalizability and robustness in handling different subsets of the data. After 

evaluating and validating SSO in the 5-fold cross-validation phase, the model predicted skill mastery. Table 3 describes 

an example of the output from the calculation results of the mastery skill prediction.  

Table 3. Skill Mastery Prediction Output Example 

user_id problem_id skill_mastery Label 

64525 51424 0.932875 1 

64525 51435 0.966380 1 

70695 51434 0.990699 1 

70695 51473 0.755382 1 

70699 51430 0.993342 1 

Based on table 3, the predict_skill_mastery.csv output presents the predicted skill mastery for individual users on 

specific problems. Each row corresponds to a unique combination of user_id and problem_id, where skill_mastery 

represents the model's predicted probability that the user has mastered the skill required to solve that problem. Values 

close to 1 indicate a high likelihood of mastery, while values near 0 suggest limited proficiency. The Label column 

provides the ground-truth response, with 1 indicating a correct answer and 0 indicating an incorrect response. This 

dataset enables a direct comparison between predicted skill mastery and actual performance, facilitating the evaluation 

of model accuracy and discriminative ability. Furthermore, the information can be employed to analyze individual 

learning progress and inform adaptive testing strategies, such as selecting subsequent problems based on estimated 

proficiency, thereby optimizing the assessment process. 

The next step is to create a Q-matrix. Based on the experimental results, 8074 problem_ids have no skill mapping, and 

the Q-matrix has dimensions of 24762 x 122. The Q-matrix output indicates that the file Q_matrix.npy has dimensions 

of 24762 × 122, representing 24762 unique problems and 122 distinct skills. Each row corresponds to a specific 

problem, while each column represents a particular skill, with a value of 1 indicating that the problem assesses the 

corresponding skill and 0 indicating no association. The warning that 8074 problem_ids lack a skill mapping signifies 

that these problems do not have associated skill information, and their corresponding rows in the Q-matrix remain zero. 

Despite this, all problems are retained in the matrix to maintain consistency with the dataset. The Q-matrix serves a 

critical function in linking problems to relevant skills, supporting the calculation of predicted skill mastery, updating 

belief states within the POMDP framework, and guiding adaptive or reinforcement learning-based problem selection. 

Problems without skill mappings, however, do not contribute to the assessment of specific skills, highlighting potential 

gaps in the dataset that may affect the precision of skill mastery predictions. 

4.2. Selection Algorithm Results 

Next, the POMDP and Greedy strategy evaluations were conducted using 10 and 15 exam simulation questions, 

respectively. Figure 4(a) shows the evaluation results for the 10-question simulation, and figure 4(b) describes the 

evaluation results for the 15-question simulation. Based on figure 4(a) it can be explained that the training output for 

the 10-question setting demonstrates the learning progression of the Policy Gradient (REINFORCE) algorithm within 

the POMDP framework. Over 30 epochs, the model progressively improves its ability to select questions that align 

with users’ skill levels, as indicated by the increase in reward from approximately 6.14 to 7.63 and accuracy from 0.614 

to 0.763. The loss fluctuates throughout training, reflecting the stochastic updates inherent in policy gradient methods. 

The final evaluation, with an average accuracy of 0.803 ± 0.213 and a reward of 8.03 ± 2.13, suggests that the learned 

policy effectively guides question selection in a manner that maximizes correct responses and reflects predicted skill 

mastery, demonstrating the model’s ability to adaptively optimize problem selection for a smaller question set. It is 

acknowledged that the standard deviation for accuracy is relatively high (± 0.213). This variance is primarily attributed 
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to the heterogeneity of the student population in the ASSISTments dataset, particularly the presence of 'cold-start' 

students with sparse interaction histories. While the model achieves high accuracy for students with sufficient data, the 

predictive performance naturally varies for users with limited prior information. Despite this, the mean accuracy 

demonstrates the overall effectiveness of the proposed SSO-POMDP framework. 

Meanwhile, based on figure 4(b) it can be described that for the 15-question setting, the Policy Gradient (REINFORCE) 

algorithm exhibits a similar learning trend, with rewards increasing from 9.48 to 11.62 and accuracy improving from 

0.632 to 0.775 over 30 epochs. Despite fluctuations in the loss values, the model effectively learns a policy that 

prioritizes questions most likely to be answered correctly, optimizing the exploration of users’ skill mastery. The final 

test-phase results, with an average accuracy of 0.798 ± 0.198 and a reward of 11.97 ± 2.96, indicate that the policy 

maintains strong performance across a larger question set. These outcomes confirm that the POMDP framework, 

combined with the greedy strategy, successfully adapts question selection to the users’ skill levels, enhancing both the 

efficiency and accuracy of skill mastery prediction in longer assessment sessions. 

 

(a) 

 

(b) 

Figure 4. (a) 10 Exam Questions Simulation; (b) 15 Exam Questions Simulation 

4.3. Discussion 

In this study, we conducted a performance comparison between the proposed models SSO and POMDP, with Neural 

CD [46] and POMDP, and Multidimensional Item Response Theory (MIRT) [47] and POMDP. Table 4 shows the 

comparison of accuracy and AUC average performance using 5 folds cross-validation on three models. 

Table 4. Cognitive Diagnostic Model Performance Comparison 

 SSO Neural CD MIRT 

Accuracy 75.51% 73.73% 65.87% 

AUC 0.8191 0.7472 0.6963 

Based on table 4, it can be concluded that SSO has better performance than the other two models in terms of accuracy 

and AUC scores. Next, table 5 describes the results of the performance comparison of the three CDM models in the 

POMDP environment with 10 questions. 

Table 5. Adaptive Test Models Comparison (Q=10) 

 SSO+POMDP Neural CD+POMDP MIRT+POMDP 

Accuracy 80.3% 78.4% 60.1% 

Reward 8.03 7.84 6.01 
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Based on table 5, it can be concluded that SSO+POMDP has better performance than the other two models in terms of 

accuracy and Reward scores. Furthermore, table 6 describes the results of the performance comparison of the three 

CDM models in the POMDP environment with 15 questions. 

Table 6. Adaptive Test Models Comparison (Q=15) 

 SSO+POMDP Neural CD+POMDP MIRT+POMDP 

Accuracy 79.8% 73.1% 60.3% 

Reward 11.97 10.97 9.05 

Similar to the previous simulation, table 6 shows that SSO+POMDP outperforms the other two models in terms of 

accuracy and reward scores. 

5. Conclusion 

Our research successfully built a model and improved the performance of the adaptive test model through the proposed 

method using Salmon Salar Optimization (SSO) and Partially Observable Markov Decision Process (POMDP). The 

experimental results showed that the performance of SSO on the CDM component for cognitive ability prediction had 

the highest results compared to the other two models Neural CD and MIRT with an accuracy score of 75.51% and an 

AUC of 0.8191. Furthermore, in adaptive exam simulations using 10 and 15 questions, the proposed SSO and POMDP-

based adaptive exam model had the best performance compared to the other two adaptive exam models. In the exam 

simulation with 10 questions, SSO and POMDP obtained an accuracy score of 80.3% and a reward of 8.03. Meanwhile, 

in the exam simulation with 15 questions, SSO and POMDP obtained an accuracy score of 79.8% and a reward of 

11.97. Based on the experiments that have been conducted, there is still potential to improve the performance of the 

adaptive exam model using other approaches or techniques. 

Despite the encouraging findings, this study presents several limitations that warrant consideration. First, with respect 

to scalability, the SSO metaheuristic may incur substantial computational overhead when deployed on very large item 

banks or in environments with simultaneous real-time users, indicating a need for further refinement before large-scale 

implementation. Second, in terms of interpretability, although CDMs yield valuable diagnostic information, their 

integration with a POMDP framework introduces additional complexity in the policy decision process, making it less 

transparent than traditional rule-based approaches and potentially challenging for educators seeking to understand the 

rationale behind each item selection. Lastly, the results are constrained by dataset dependency, as validation was 

conducted solely on the ASSISTments 2009–2010 dataset. Future studies should examine the generalizability of the 

proposed framework across multiple educational datasets and subject areas.  
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